This research focuses on the application of an artificial neural network (ANN) to predict the removal efficiency of tartrazine from simulated wastewater using a photocatalytic process under solar illumination. A program is developed in Matlab software to optimize the neural network architecture and select the suitable combination of training algorithm, activation function and hidden neurons number. The experimental results of a batch reactor operated under different conditions of pH, TiO 2 concentration, initial organic pollutant concentration and solar radiation intensity are used to train, validate and test the networks. While negligible mineralization is demonstrated, the experimental results show that under sunlight irradiation, 85% of tartrazine is removed after 300 min using only 0.3 g/L of TiO 2 powder. Therefore, irradiation time is prolonged and almost 66% of total organic carbon is reduced after 15 hours. ANN 5-8-1 with Bayesian regulation back-propagation algorithm and hyperbolic tangent sigmoid transfer function is found to be able to predict the response with high accuracy. In addition, the connection weights approach is used to assess the importance contribution of each input variable on the ANN model response. Among the five experimental parameters, the irradiation time has the greatest effect on the removal efficiency of tartrazine.
INTRODUCTION
A wide variety of organic pollutants are introduced into the water system from various sources such as industrial effluents, agricultural runoff and chemical spills. Realizing the importance of keeping our planet clean, researchers are actively working for eco-friendly alternative technologies for all areas of daily life. Sustainable energy production and pollutant destruction are two of the areas in which intense research is being carried out. Recently, the degradation of recalcitrant organic pollutants into harmless species (CO 2 , H 2 O) using solar energy and semiconductor powder has attracted great attention. Photocatalysis is based on the reactive properties of electron-hole pairs generated in the semiconductor particles under illumination by light of energy greater than the semiconductor band gap. The electrons initiate the photo-reduction of metal ions to a less harmful form, while the hole (OH Ã , H 2 O 2 , O ÃÀ 2 ) acts as a strong oxidizing agent for mineralization of organic contaminants (Khataee & Tartrazine (E102) is a synthetic azo dye widely used in cosmetic, food and pharmaceutical industries. As reported by numerous studies the extensive use of tartrazine can lead to serious health issues for humans, especially allergic reactions and breathing difficulty. Furthermore, due to its high solubility in water and recalcitrant nature to bio-degradation, the presence of this organic substance in industrial effluents contributes to contamination of aquatic systems (Hashim et Photocatalysis has been demonstrated to be an efficient and suitable process for the degradation of tartrazine in water (Tanaka et Artificial neural networks (ANNs) are a promising technique for modeling complex processes such as photocatalysis. In fact, the photocatalytic degradation of a pollutant involves a complex set of processes: the radiation energy balance, the spatial distribution of radiation, the mass transfer and the kinetic reactions (Krasnopolsky & Chevallier ; Eskandarloo et al. ; Shargh & Behnajady ) .
Numerous scientific papers have employed ANNs to predict the removal efficiency of contaminants from wastewater by homogeneous and heterogeneous photocatalytic processes (Dutta et This research investigates the solar photocatalytic removal of tartrazine under Algerian climatic conditions. The results obtained through the experimental study are used to optimize the architecture of a three-layered feedforward back-propagation neural network to describe the complex behavior of the photocatalytic process. The methodology adopted explores the synergy between the three network parameters, namely the number of hidden neurons, the activation function and the training algorithm, and demonstrates how their combined effect can improve the prediction capabilities of the model.
MATERIALS AND METHOD

Bach photodegradation of tartrazine experiments
Chemical reagents
Tartrazine (E102, C 16 H 9 N 4 Na 3 O 9 S 2 , molar mass ¼ 534.36 g/mol, absorbance wavelength ¼ 427 nm) supplied by ACROS Organics (USA) is used as an organic contaminant of water; its dye content is 68%. Titanium dioxide was supplied by ChemoPharma (Canada). It consists of 90% anatase and 10% rutile. Its specific surface area is 4.61 m 2 /g. Hydrochloric acid (HCl) and sodium hydroxide (NaOH) are laboratory grade products.
Materials
A 500 mL borosilicate glass Erlenmeyer is used as the reactor. Global solar radiation intensity is measured with a Kipp and Zonen CMP11 pyranometer, pH value is measured using Consort C3010 multi-parameter analyzer, tartrazine dye concentration is determined using a Shimadzu UV1800 spectrophotometer and total organic carbon (TOC) analyses are carried out using GE Sievers InnoVox. Experiments of tartrazine photodegradation are performed under natural solar irradiation in the month of May between 10 a.m. and 4 p.m. at the Solar Equipment Development Unit, a research unit situated at Bousmaîl, 30 km west of Algiers (longitude: 2 W 42 0 N, latitude: 36 W 39 0 E, altitude: 5 m).
Experimental procedure
The experimental set-up is shown in Figure 1 . The photocatalytic process is conducted through batch mode at room temperature. Dye solutions of desired concentrations (5, 10, 20, 30 and 40 mg/L) are prepared by dissolving the corresponding amount of tartrazine in distilled water. To carry out the photochemical reaction, an appropriate amount of TiO 2 (0.05, 0.1, 0.3, 0.5, 0.7 and 1 g/L) is added to tartrazine solutions. All mixtures are magnetically stirred. Each sample is kept in the dark for 20 minutes. After ensuring the adsorption equilibrium, the reactor is exposed to the sunlight for 5 hours. A 3 ml aliquot of tartrazine solution is withdrawn from the reaction mixture at regular time intervals and filtered prior to the analysis, to separate the catalyst. Then the absorbance of the solution at 427 nm is measured. Yield percentage of dye removal is calculated as follows:
where C 0 is the initial concentration of tartrazine measured after the adsorption equilibrium and C is the concentration of the dye at time t (mg/L).
ANN modeling approach
In this paper, the adopted approach to optimize the architecture of a three-layered feed-forward neural network for modeling of photocatalytic removal of tartrazine, is focused on finding the minimal number of hidden nodes, the appropriate learning algorithm and the hidden layer's activation function that reproduce with high accuracy the experimental results.
We developed a Matlab program that consisted of three nested loops, which offers the possibility to evaluate how these three parameters vary simultaneously according to their specified range. This approach allows the construction of all network parameter combinations and the assessment of their performance.
The root mean squared error (RMSE) and the determination coefficient (R 2 ) are selected as assessment tools in this study to validate the network outputs. For comparison, a neural network should have low value of RMSE and high positive value of determination coefficient.
Data pre-processing
Data pre-processing is a fundamental key for successful construction of a powerful neural network model. It allows conversion of the raw data collected from the experimentations into a suitable form by applying some techniques such as data size reduction, normalization, nonlinear transformation, correlation and principal component analysis. The main pre-processing goals are to improve the data quality by selecting the most significant inputs as well as to simplify the neural network learning stage.
Data set selection and normalization
In the current work, the experimental results of photocatalytic removal of tartrazine under solar illumination are used to design the model. Hence, 157 data sets are collected. The inputs for the network are the five process variables: dye concentration, initial pH, solar radiation intensity, irradiation time and TiO 2 loading. The predicted yield of tartrazine decolorization is selected as an output of the model.
In Table 1 we report the process variables with their operating range.
In the training phase, the importance of each input variable is related to the magnitude of its range. Therefore, it is indispensable to normalize the raw data in the same range prior to feeding the network. We normalize data in order to equalize the importance of the input variables, minimize the bias and weight values within the network and reduce the training time.
Many techniques of normalization are proposed in the literature. The 'mapminmax' method is adopted in this study. This function normalizes data so that they fall into a standard range [À1, 1] using the following expression:
where:
Y: normalized value Y max : maximum value of the specified range (in our case it corresponds to 1) Y min : minimum value of the specified range (in our case it corresponds to À1) X: value to be normalized X max : maximum value of the numbers to be scaled X min : minimum value of the numbers to be scaled
Statistical analysis of data base
In neural network modeling, it is crucial to check whether a correlation exists between each two process variables. In fact, this test reduces the size of the data set and feeds the network with only the most significant inputs by discarding those that are highly correlated. We use the Pearson's correlation coefficient that ranges from À1 (strong negative correlation) and 1 (strong positive correlation) with an insignificant correlation when the coefficient is close to 0 (Mjalli et al. ).
The correlation coefficients for the tartrazine photocatalysis input variables are presented in Figure 2 . The calculation of these coefficients using normalized data is performed in Matlab software. The corrplot figure shows the Pearson coefficient for each pair of variables. The obtained values are close to 0, which indicates a quite small correlation that can be neglected.
Neural network design
A three-layered feed-forward neural network with a linear transfer function in the output layer is implemented in Matlab. As pointed out by various studies in the literature, the use of one hidden layer with suitable number of nodes and enough data training is sufficient to simulate with high accuracy the photocatalysis process.
The selection of the optimal ANN topology is conducted in this paper according to the steps given below:
1. Splitting the 157 normalized data into three subsets, namely the training, validation and test sets using the 'dividerand' function. The first set (73 data) is used to train the network and adjust the weights and biases values in order to produce the desired outputs. The second set (42 data) is employed to confirm the generalization capability of the model and to avoid overfitting. While the third set (42 data) allows checking the predictive performance of the network. 2. Initialization of the weights and biases values. 3. Setting of the training parameters. 4. Construction of the neural network models and evaluation of the performance variation when changing the three architectural parameters. In this step, the networks are trained and validated over three loops:
• The outer loop is used to vary the number of hidden nodes from 1 to 10.
• The middle loop and the inner loop are employed to change, respectively, the hidden activation function and the training algorithm. Indeed, four activation functions and 10 training algorithms are tested and compared in order to select the best fitting combination. The tested activation functions are: logsig, tansig, hardlim and purelin; the tested training algorithms are: trainlm, trainscg, trainbr, trainbfg, trainrp, traincgb, traincgf, traincgp, trainoss and traingdx). 5. Testing the networks using the test data set. 6. Creation of a classification matrix to arrange the networks generated in descending order based on their performance and selection of the optimal architecture.
RESULTS AND DISCUSSION
Effect of TiO 2 loading
To study the effect of catalyst loading on the photocatalytic removal of 10 mg/L of tartrazine, experiments are carried out by varying catalyst dose from 0.05 to 1 g/L under free pH condition (pH ¼ 6.8) and solar illumination. The efficiency of photocatalytic removal of pollutants is highly influenced by the amount of catalyst loaded. This is due to a reaction that happens on the surface of the catalyst particles. In this study, removal of tartrazine clearly increased from 35% to 85% with increasing TiO 2 loading from 0.05 to 0.3 g/L (Figure 3 ). This is due to more availability of active sites on the photocatalyst surface and hydroxyl radicals in the reaction mixture. The presence of hydroxyl radicals would enhance the mineralization of tartrazine ( However, further increase of TiO 2 loading to 0.3 g/L reduced the catalytic reactivity. In fact, excess amount of catalyst could notably inhibit the penetration of solar light into the tartarazine-TiO 2 suspension, leading to a decrease in the generation of the oxidizing agents.
Effect of initial dye concentration
The effect of initial tartrazine concentration on its photocatalytic removal efficiency is examined over the range of 5 to 40 mg/L at free pH condition and optimal catalyst loading of 0.3 g/L. As shown in Figure 4 , the concentration of tartrazine decreases with time and the maximum removal yield is reached at low initial concentration of the dye. In fact, an increase of initial dye concentration produces an increase of the amount of dye adsorbed on the catalyst surface. This fact limits the activity of the TiO 2 by reducing the generation of hydroxyl radicals since the sites are occupied by dye molecules.
Effect of pH medium
The study of variation of free pH during the photocatalytic reaction is performed for a simulated solution with an initial tartrazine concentration of 10 mg/L and catalyst dosage of 0.3 g/L. Results reveal that the free pH remains almost constant ranging between 6.7 and 7.8. The slight increase of pH is due to the presence of hydroxyl anions in the solution medium generated by the photocatalytic reaction.
In order to investigate the influence of pH on the photocatalytic removal efficiency of tartrazine under solar light, a series of experiments are carried out by varying the pH from 3 to 10 while keeping the other conditions unchanged.
As clearly shown in Figure 5 , the photocatalytic removal of dye is favorable in acidic medium. The higher removal yield reached at pH 3, which is lower than the point of zero charge of the titanium dioxide (pH pzc ¼ 6.8), is attributed to the strong electrostatic attraction between the anionic tartrazine species and the positively charged titanium dioxide particles. In fact, as reported by various studies, due to its amphoteric nature, the surface of titania is positively charged at low pH in a state of TiOH 2þ and negatively charged at higher pH in a state of TiO À . As a result, the adsorption of tartrazine dye anions on the surface of TiO 2 is pH dependent (Chaudhary & Thakur ; Hashim et al. ) .
Effect of solar and artificial light
Results of the removal of tartrazine in TiO 2 suspension under solar and artificial light are shown in Figure 6 . Furthermore and in order to investigate the effect of weather conditions on the decolorization yield, the photocatalytic removal is evaluated under natural sunlight on a sunny day (816.95 W/m 2 ) and on a cloudy day (552.69 W/m 2 ). The results are reported in Figure 6 . The experiment conducted under solar light on a sunny day shows a better photocatalytic removal efficiency than those conducted on a cloudy day and under artificial light. In fact, within 5 hours irradiation time, 85% of tartrazine is removed when the photochemical reaction is applied on a sunny day versus 67% on a cloudy day and 48% under UV lamps.
TOC reduction efficiency
In order to assess dye mineralization quantitatively, TOC measurements of tartrazine solution are conducted during the treatment process. Figure 7 shows the TOC elimination curve as function of irradiation time. It is observed that the TOC reduction efficiency is only 1.9% by the time there is complete dye decolorization. Prolonged reaction time leads to a significant increasing in the TOC removal, which reaches 54.4% and 66% after 10 and 15 hours, respectively. This result indicates that photocatalysis is an efficient process to decolorize tartrazine solution wheareas prolonged exposure time to solar radiation is required to achieve its complete mineralization. Table 2 regroups the photocatalytic removal efficiency of tartrazine available in literature along with that obtained in the current study. It's clear that under solar light, the yield reached in our study is the highest. Optimization of the neural network model
Comparison with previous studies
After implementation of the program in Matlab software, the ANN responses are observed and the performance measurements are saved in a matrix to facilitate the analytical study of results and finding the optimal combination. The early stopping approach is adopted to speed the learning procedure and improve the network generalization capability. The models with minimum RMSE and maximum determination coefficient during validation are selected as optimum.
It is important to report that among the 400 networks generated by the Matlab program, 35 topologies predict the photocatalytic removal efficiency of tartrazine with high accuracy. In fact, the corresponding determination coefficients are over 0.99 and the validation RMSE ranged between 0.0013 and 0.0060.
According to the values of the cross-validation mean squared errors and the determination coefficients between measured and predictable data, Bayesian regulation backpropagation (trainbr) and Levenberg-Marquardt (trainlm) show excellent ability to forecast the process efficiency compared to other algorithms.
In addition, the two transfer functions, namely hyperbolic tangent sigmoid (tansig) and log sigmoid (logsig), give the best fitting models.
The combined effect of the training algorithm and the activation function to improve the performance of the network is well confirmed and the best simulation of the complex system is performed by the multilayer perceptron with Bayesian regulation back-propagation training algorithm and hyperbolic tangent sigmoid transfer function for the hidden layer.
After choosing the suitable combination of training algorithm and activation function, we discuss the neural network optimization with respect to the hidden neurons number. According to Figures 8 and 9 , the network validation error decreases from 0.006 to 0.0013 when varying the neuron number from 1 to 10. The minimum value of the generalization error is reached with eight hidden nodes at training epoch 93. Consequently, the best topology which gives the highest coefficient of determination (0.9979) and the least mean squared error (0.0013) is ANN 5-8-1 Figure 10 .
For further explanation, the prediction accuracy of the optimal neural network is investigated. Hence, Figure 11 illustrates the plots of the experimental results against the predicted ones for training, validation and test sets.
The determination coefficients for training, validation and test are quite close to 1, which indicates a strong linear relationship between measured and predicted data. According to these results, the model developed is highly recommended to model the photochemical degradation of tartrazine.
Assessment of the relative importance of each input variable on the output variable
The connection weights approach is widely used in scientific papers to assess the importance contribution of each input variable on the ANN model response ( In the current study, this method is adopted to calculate, according to the following expression, the relative importance effect of each experimental parameter on the removal efficiency of tartrazine using the neural weight matrix given in 
R ij : relative importance of the input variable i with respect to the output variable j H: hidden neurons number w ik : connection weight between the input neuron i and the hidden neuron k w kj : connection weight between the hidden neuron k and the output neuron j
Results of the connection weights approach are given in Table 4 . Among the five experimental parameters, the radiation time has the greatest effect on the removal efficiency of tartrazine, followed by the catalyst loading and the pollutant initial concentration.
CONCLUSION
In this study, the photocatalysis process is successfully used to remove the tartrazine from simulated wastewater under solar light. The azo dye decolorization efficiency depends on the operating conditions, and the best removal efficiency of tartrazine is 85% in acidic medium within 5 hours of illumination using only 0.3 g/L of TiO 2 photocatalyst. Furthermore, the significant TOC reduction efficiency obtained after prolonged radiation time exhibits the mineralization capability of the process. The photocatalytic removal of tartrazine behavior under different experimental conditions is simulated using artificial intelligence. For this purpose a three-layered feedforward neural network is developed in Matlab software. The adopted approach in developing the network structure is based on optimizing three network parameters: hidden nodes number, training algorithm and activation function. According to the obtained results it can be concluded that this approach has the potential to generate all possible network topologies and assess their performance in terms of generalization error and determination coefficient between observed and predicted data.
The best accuracy is given by the 5-8-1 topology with the Bayesian regulation back-propagation training algorithm and hyperbolic tangent sigmoid transfer function for the hidden layer. In addition, using the neural weight matrix and the connection weights approach, the five input variables are ranked according to their influence on the neural network response. The radiation time has the greatest effect on the removal efficiency of tartrazine, followed by the catalyst loading and the pollutant initial concentration. 
